Abstract
Introduction
Ambient Intelligence (AmI) is a new information paradigm where people are empowered through a digital environment that proactively, but sensibly, supports them in their daily lives [1] .
Today, AmI researchers show increasing interest in context-aware applications, for context awareness is a key to building AmI, which can make AmI systems more sensitive, responsive and adaptive. A context-aware computing system (CCS) will provide adaptive actions according to different contexts. Context is any information that can be used to characterize the situation of an entity, where an entity can be a person, place, physical or computational devices [2] . It can be acquired from various sources such as sensors, databases, agents and so on. This context, without any further interpretation, is called low-level context. It's not a good choice for context-aware computing system to build actions that adapt directly to low-level context, for 1) the low-level context may be meaningless, trivial, or vulnerable to small changes, 2) it's not necessary for a system to adapt its behavior to each and every change of context [3] . It's more attractive that a CCS is aware of situations, which are logically aggregated pieces of context and semantic abstractions that describe the phenomena we observe in rich and dynamic environment. By abstracting context into situations and adapting system behaviors only to these situations, a system not only can imitate human decision making process to act more intelligently, but also can be prevented from dealing with much meaningless information. In this sense, a promising CCS tends to be situation-aware.
Researches in situation-aware computing include representing situations and context, identifying entities' situations and then taking proper actions according to them. However, it's inevitable that two main kinds of uncertainty need to be handled in these processes: 1) Fuzzy situation. The semantic of a situation may be fuzzy as well as the relations among situations, because the human subjective cognition on things is often fuzzy and their cognitive activities are thinking processes full of fuzziness. E.g., if the temperature is warm, my body state is good, exercising time is coming and there's a club nearby, it's a situation that I will go out for physical training; Dancing is a kind of exercising to a degree of 0.8. 2) Context derived or acquired from sensors and other resources is often imperfect, which lead situations to be uncertain. E.g., context information may be fuzzy (e.g., Alice is Tom's confidant to some degree), imprecise, unknown or missing, ambiguous, incorrect. Dealing with uncertainty depicted above well will make a system more practical and robust. However, several challenges need to be solved to realize this target, such as how to represent and organize fuzzy
Related work
The significance of handling uncertainty in situation awareness is realized by more and more researchers. Some representative researches are shown in the following paragraphs.
Amir et al. [4] presented a Context Spaces model to describe context and situation, and developed a data fusion algorithm based on multi-attribute utility theory to identify situation, which takes the effect of inaccurate sensor readings into consideration.
Thomas et al. [5] proposed to use the Description Logics (DL) based ontology language, OWL DL, to model situation. They also developed a framework for employing DL reasoning services to recognize the current situation based on context, which is a fast and reliable, but coarse-grained way. The types of uncertainty considered in the framework are context incompleteness and incorrectness.
Juan et al. [3] proposed to use lattice to organize situations, which reflects the internal structure of situations, and introduced a fine-grained approach based on Bayesian network to reason about imperfect context, but its hypothesis that the structure of a Bayesian network is known a priori and will never change usually can't be met in practical applications.
One year later, Juan developed another model [6] for identifying situation under imperfect context. It first describes context by three-valued triples consisting of context value, its life span and confidence value, then integrates context using an algorithm based on Bayes' Theorem, finally, identifies a situation by combining the confidence values associated with context and the match degree to which the context satisfies the specification of the situation.
Anagnostopoulos et al. [7] proposed a situation approximate identifying method, which computes the situation similarity based on the hierarchy of ontology to identify situation under imperfect observations. It works well only when the concepts and relations are classified well in context ontology, and the distance between two concepts in an ontology tree can reflect their semantic variation properly. They also defined fuzzy inference rules to make decisions, which enable the system to assume actions autonomously according to previous user reactions and current situation. However, the fuzzy membership functions as well as fuzzy rules are fixed and predefined by developers.
Pari et al. [8] realized the importance of dealing with fuzziness in situation awareness, and presented a model for modeling and identifying situation under uncertainty (fuzziness and inaccuracy), which integrates fuzzy logic principles into the Context Spaces model [4] . However, the fuzzy representing and reasoning ability of this model is limited, a lot of fuzziness, such as the various fuzzy relations among situations/context, fuzzy concepts and etc, can't be described and propagated.
Most of the current researches focus on dealing with imperfect context, the fuzziness of situation and context is ignored although it's common in context-aware applications. Except for Pari's model whose representing and reasoning ability is limit, none of the prior researches considered developing a formal mechanism to represent and organize fuzzy situations. In addition, the existing situation identify methods are not fit to recognize a fuzzy situation under imperfect context. A fuzzy decision making mechanism that is transparent to developers and users needs to be considered to make a system more intelligent and adaptive.
Situation-aware computing framework SCUF
A conceptual framework SCUF is developed in this paper for situation-aware computing under uncertainty. A generalized view on SCUF is depicted in Figure 1 The first phase of SCUF starts with collecting data from enironment using information providers. The providers can be physical sensors that acquire information from the real world (e.g., temperature, humidity, pressure, user's location, etc), agents that extract information from databases and other applications (e.g., mining travel information from web pages), or agents that get the state of devices which distribute in AmI environment.
In the second phase, information from phase 1 will be abstracted and fused, then converted to instances in fuzzy context ontologies. Part of the ambiguous or incorrect information can be eliminated in this phase by fusing information. The fusing methods may be various according to the types of data derived from providers and the types of information to create. Many existing techniques (e.g., [16] [17] [18] , [21] ) can be adopted or referred to realize the fusing processes. Fuzzy reasoners (e.g., fuzzyDL) can be used in the converting processes.
The third phase is in charge of identifying the current situations. Fuzzy ontology models fuzzy situations and context. Fuzzy reasoner will maintain the consistency of fuzzy ontology as well as mining implicit information. The uncertain inference engine takes the fuzzy situation/context ontology and a set of instances describing the current situation as inputs to identify situations, which also takes the imperfect nature of context into consideration. Its output is a set of situations, each of them is coupled with two value in [0,1] denoting its occurrence degree and reliability.
In the fourth phase, the fuzzy decision making module carries out proper actions according to the current uncertain situations and user's preference. It is realized as a fuzzy system based on fuzzy logic and fuzzy learning techniques.
Our techniques in phase 3 and phase 4 are the focus of this paper.
Context representation
Context reflects the state of a highly dynamic environment. It describes heterogeneous aspects of the real world of interest comprising time, location, environment (temperature, noise level, etc), device, service, personal information (role, preference, profile, etc). Situation is also a kind of context we name as high-level context, which is logically aggregated from context of other types. Modeling context and situations, then defining their corresponding actions are processes that imitate the human cognition and decision making behaviors, which are full of fuzziness. E.g., people may turn on air conditioner when temperature is hot, they won't consider whether the current temperature lies accurately in a certain range such as [28, 38] or not. Thus context model has to represent and reason fuzziness in order to make a CCS more intelligent and practical. The types of fuzziness handled in this paper comprise, 1) fuzzy context type (e.g., fuzzy situations), 2) fuzzy linguistic variables describing context (e.g., hot, long, very), 3) fuzzy relations among context (e.g., Tom stands near to the desk, dancing is a kind of excising to a degree of 0.8).
Ontology has been widely used, and proved to be an efficient mechanism to model context. It has many advantages such as sharing communing understanding of the structure of context information among users, devices and services to enable semantic interoperability, enabling reuse and formal analysis of domain knowledge [10] . However, the descriptive power of the ontology widely used in prior work is limited. None of the fuzziness can be represented or reasoned. This paper uses a more descriptive mechanism, fuzzy ontology, to model both certain and fuzzy context. -A is the set of axioms, such as predicates that constrain the meaning of classes, properties.
Fuzzy SHIF(D) [11] is a type of fuzzy description logic, which can be used to describe fuzzy ontology. Its supporting reasoner fuzzyDL [12] can help to maintain the consistency of fuzzy ontology and acquire implicit information.
A quick look to fuzzy SHIF(D)
Fuzzy SHIF(D) is a knowledge-based representation system mainly characterized by a set of constructors that enable to build complex concepts and roles from atomic ones. In fuzzy SHIF(D), a semantics is associated with concepts, data types comprising basic data types and fuzzy data types, roles comprising abstract roles and concrete roles, individuals using interpretations
I is a nonempty set named abstract domain, and Δ D is a nonempty set disjoint from Δ I named concrete domain. · I is a fuzzy interpretation function, and it maps a concept C to a fuzzy set C I on the domain of Δ I , maps a abstract role r to a fuzzy set R I : Δ I ×Δ I →[0, 1], and maps a concrete role t to a fuzzy set Table 1 describes the constructors of fuzzy SHIF(D) and their corresponding syntax and semantic, where  denotes t-conorm function,  denotes t-norm function,  denotes negation function and  denotes implication function in fuzzy logic.
In fuzzy SHIF(D), the membership functions of fuzzy data types are defined as a set of functions over the set of non-negative rationals (Table 2) . For backward compatibility, it also allows crisp intervals. Fuzzy modifiers are also allowed, such as very, slightly, which can be applied to fuzzy sets to change their membership functions. 
Formal representation of context
We now show the formalization of context using fuzzy SHIF(D). Figure 2 depicts the main hierarchies of context ontologies by a smart home example. In fuzzy context ontology, each context type is modeled as a concept in C, the relations between different types are mapped to fuzzy taxonomic relations in TR or abstract properties in OO, the fuzzy linguistic variables corresponds to fuzzy data types in D f , linguistic variable can constrain context type through fuzzy concrete properties in OV, each piece of basic context information is modeled as an instance of a concept or a relation. (16, 20, 25, 30) (Figure 3(a) ) represents the degree of warmth of the temperature. Very can be modeled as a modifier Very=linear(0.8) (Figure 3(b) ). The taxonomic relation between concepts may be fuzzy, and can be described using fuzzy concept inclusion axioms such as <Sleeping  Resting, α>, where α  (0,1]. It states that all instances of Sleeping are instances of Resting to a degree of α, the subsumption degree between Sleeping and Resting is at least α.
The semantic relations among concepts may also be fuzzy, such as the spatial relations between objects (e.g., a club named haosha locates near to my house). This kind of relations can be modeled as fuzzy abstract roles connecting concepts. For example, a fuzzy role near is defined with its domain and range both on concepts Person, Device, PhysicalObject or Location.
The relations between concepts and data types are modeled as fuzzy concrete roles through which linguistic valuables can constraint concepts. E.g., a concrete role hasHumidity is defined as: <  hasHumidity. T  Location, 1> < T   hasHumidity. High, 1> (3) Fuzzy context types Fuzzy context types are modeled as concepts in context ontology, which can be defined based on fuzzy linguistic variables and relations. For example, Going-exercise is a fuzzy situation concept, which implies that the user will go out for exercise when he's at home now, the outdoor temperature is warm, his physical condition is normal, there's a club near his house and its time for physical training. 
Situation identifying
The structure of situation identifying problem is as follows [7] 
The uncertain inference engine in SCUF is responsible for identifying the current situation under uncertainty. Its inputs are the fuzzy situation ontology, the fuzzy context ontologies and the description of the current situation d(s), and its output is the solution set W. Elements of d(s) take the form of (<a:C, α>, r'), (<(a,b):r, α>, r') or (<a: = t v>, r'), where r'[0, 1] is a probability value denoting the reliability of basic context information because the information providers may produce incorrect information. r' is calculated by the abstracting or fusing models in Phase 2 using a set of existing techniques (e.g., [9] , [13] , etc). E. W can be acquired by classifying the current situation in fuzzy situation ontology. We have to consider the fuzzy semantic of situation and imperfect context information when classifying. Our situation approximate identifying algorithm introduced in section 5.1 aims at computing V o while minimizing the effect of fuzzy, imprecise, unknown or missing context on our identifying result. The effect of incorrect context on the identified situation is measured by V r whose computing method will be introduced in section 5.2.
Situation approximate identifying algorithm
fuzzyDL [12] is a DL reasoner supporting fuzzy logic reasoning, which allows several reasoning tasks such as concept satisfiability, entailment problem, etc. Its reasoning service (min-instance? a C) is a good candidate for classifying situation, which considers the fuzzy semantic of situation and context and returns a value in [0,1] denoting the membership degree of an instance in a concept.
When classifying situation, the existence of imprecise context can't be ignored. Their effect can be weakened by using fuzzy sets to describe the imprecise information first, and then define fuzzy data types in context ontology to represent the fuzzy sets (e.g., about3 is defined as a fuzzy data type that represent triangular(2.5, 3, 3.5)), which will then be used to constraint situation concepts. Thus the imprecise information can be understood by the computer and reasoned by (min-instance? a C) to classify situation.
One thing for attention, as the basic assumption of description logic is the open world assumption, which means that we can't assume something doesn't exist until it is explicitly stated that it doesn't exist, fuzzyDL can't evaluate the effect of unknown or missing context properly. Taking the previous situation description d(s)={ (<(s, Tom): isInvlovedBy, 1>, 1), …} as an example, where Tom's current blood pressure information is missing, the situation Going-exercise is reasoned out by (min-instance? s Going-exercise) as happen to a degree of 0.9, although this situation doesn't happen in fact because Tom's blood pressure is so low that he can't exercise. Therefore, we developed an algorithm to modify the result reasoned out by (min-instance? a C), which take the effect of unknown/missing information into consideration and computes the occurrence degree of a situation approximately. Formula (1) and (2) show how to compute V o .
V o (s, S)=min{fc, fc
fc is the result computed by the fuzzy classifying service that computes the membership degree of s in S. W is a weight evaluating the influence of the existing knowledge on classifying s as S. (1-W) is the weight of unknown knowledge. Algorithm 1 shows how to compute W, which is a fine-grained one. This algorithm computes W by comparing d(s) and knowledge in the knowledge bases of context ontologies with the semantic description of situation concept. Generally speaking, the semantic description consists of a set of superclasses and a set of restrictions including abstract existential/universal restriction (  r.C,  r.C), concrete existential/universal restriction (  t.
d,  t.d), inequality restriction (  t val,  t val, = t val).
A concept C can be put in normal form, C=SS  SR, SS is the set of superclasses except the most abstracted one that sits on the top of ontology tree, SR is the set of restrictions. E.g., Normalstate={Bodystate}  {  hasBloodpressure. Middle,  hasHeartrate. Moderate}. 
Algorithm 1. Weight-calculating (s, S)

Situation reliability
Situations are identified based on information acquired from the information providers. However, the providers may produce incorrect information. For example, we use RFID to detect if a user is in a certain room, because the range of a RFID reader can fall outside the room it's monitoring, the reader might sense the user when he moves outside. Thus, a CCS should consider the reliability of an identified situation (e.g., a system identifies that Tom is going for exercise with a certainty of 0.7, and the reliability of this conclusion is 0.9.), which coupled with V c will affect the decision making process. This section focuses on computing the reliability of a situation.
The reliability V r of a situation will be computed when its occurrence degree V o >0. Formula (3) shows its computing method.
s is the current situation modeled as an instance with d(s) as its description set. S is a concept in situation ontology, which describes the semantic of an identified situation. SR S is the set of all the restrictions of S, and reliability(s,S,rs) represents the reliability of restrictions.
Algorithm 2 shows how to compute reliability(s,S,rs), which will be carried out only when V o (s,S)>0. In this algorithm, if there doesn't exist any facts about a restriction, its reliability is set to 1, which means that the reliability of the situation isn't affected by this restriction. 
Fuzzy decision making
Fuzzy decision making is a process that decides how a CCS will react to the current identified situation. The developer can specify a task to be executed when a specific situation happens, e.g., notify the traffic condition when Tom is leaving for physical training. A CCS should take into account the certainty of the occurrence of a situation and the reliability of this conclusion when making decisions. For example, if the occurrence degree of a situation is high while this conclusion is unreliable, should the tasks corresponding to the situation be executed or not? We develop a fuzzy system ( Figure. In this system, the solution set W from the uncertain inference engine is sent to the Fuzzifier which converts the crisp V o and V r into fuzzy sets, the inference module uses fuzzy rules to produce fuzzy conclusions, and the Defuzzifier will convert the fuzzy conclusions to crisp values which control the system to take proper actions.
Fuzzy rules are crucial in fuzzy decision making process, for they show the reactions of a system to uncertain situations. Fuzzy rules in the rule base describe the relationship between (V o , V r ) and T which is the action decision on a situation, and take the following form:
is the total number of rules about a situation S 1 , i is the index of the rules. V o (S 1 ) is interpreted as the occurrence degree of S 1 , V r (S 1 ) is interpreted as its reliability. , inactive indicates the certainty of the system to take no action while active denotes the certainty of the system to take actions that are specified by users in advance.
As the AMI environment changes dynamically and it contains various information providers, predefining fuzzy membership functions for linguistic variables and predefining fuzzy rules based on developer's experiences are hard jobs. This paper uses fuzzy learning techniques to learn membership functions and rules automatically, which make a CCS more adaptive and intelligent.
Castellano's Double Clustering approach [14] used for extracting fuzzy membership functions and Wang's fuzzy rules extracting method [15] are adopted for learning, for they are effective and don't require heavy computation. The learning process is as follows:
1) Acquiring training data: training data are accumulated from the uncertain inference engine and the system behaviors over a period of time, which takes the form of ( 2) Using the Double Clustering approach to learn the membership functions of the linguistic variables for each situation. The number of linguistic variables for each V o (S i ) or V r (S i ) is predefined by developers, and the optimum number in our case is 5.
3) Using the fuzzy rules extracting method to extract rules for each situation. Formula (4) shows how to map a vector (S, V o , V r ) in the solution set W to a crisp value in the fuzzy decision making system.
M S is the number of the rules about the situation S, i is the index of the rules, a i is a value in [0, 1] that has the maximum membership in the output fuzzy set 
Experiment
We have developed a prototype of smart home application based on SCUF to validate the effectiveness of our new context representing and reasoning techniques. A smart home test bed comprising two sub-rooms, a bedroom and a living room, is built. Several sensors distribute in the rooms including internal and external temperature sensors, light level sensors, sofa/chair/bed pressure sensors, TV/air conditioner/treadmills status sensors. We also implement three services to get information: getting location information of outdoor buildings from the electronic map of Beijing; acquiring traffic information from internet; getting user's information from his electronic calendar. All the sensors and services mentioned above serve as information providers in our system.
Data acquired from the providers should be preprocessed by agents that realize the functions of the abstracting/fusing models in SCUF, before converting to instances in fuzzy context ontology. For example, we use the Ekahau Positioning Engine [16] that tracks user's personal devices (e.g., PDA) to compute his spatial position, the positioning service provides the reliability of the inferred location with a value in [0,1]; we develop services to calculate the fuzzy spatial relation between objects based on their location, using the existing fuzzy directional or distance relation computing techniques [17] [18] , the reliability of a computed spatial relation is set to the minimum value of the location information reliability of its corresponding objects; temperature information is acquired directly from the temperature sensor, and its reliability is set to the sensor reliability that is specified by manufacturers. After preprocessing, the processed information will be added to the fuzzy context ontologies by fuzzyDL.
Fuzzy situation ontology and context ontology are the important base of our system, their main hierarchies are already shown in Figure 2 . In our experiment, we focus on user's situation and select 16 situations that usually happen in our daily lives at home, which are sorted out into four basic categories: working, resting, exercising and entertainment, and model them as concepts in fuzzy situation ontology. The fuzzy context ontology comprises 6 concrete ontologies describing different aspects of the context. We refer to the temporal terms in DAML-Time [19] when defining the time ontology, and refer to the service description structure in OWL-S [20] when defining the service ontology. All fuzzy ontologies are written in fuzzy SHIF(D) and maintained by the fuzzy reasoning engine fuzzyDL.
Two agents are developed to identify situations and make decisions using the techniques in section 5 and 6. Once a situation is identified, this situation along with the decision on it will be sent to the user's PDA, thus the user can judge whether the decision is right or not.
Our experiment lasts for two weeks. The first week is the rule training period when user controlled devices in the house himself, situations that were identified by the identifying agent and the executing status of their corresponding tasks were recorded. The number of records we acquired on each day during the training period is shown in Table 3 . We applied the learning techniques once everyday during the training period to learn fuzzy rules based on these records. Figure 5 depicts the learning results. The number of fuzzy sets describing each input parameter of the rules was set to 5 and the fuzzy membership function overlap threshold was set to 0.5. According to the results, we can see that the number of rules has stepped into a stable state since the 5 th day. We compare our system with its two another versions. One version is a system (we name it as Edition1) that uses the classifying service provided by fuzzyDL to compute the occurrence degree V o of a situation. The other version is a system (we name it as Edition2) that makes decisions only based on V o without considering V r . The acquired fuzzy rules are not fit to be used in these new versions, so we trained two new sets of fuzzy rules for them separately using the learning mechanism. The performance comparisons of the three systems are depicted in Figure 6 and Figure 7 .
After analyzing the experiment data of Figure 6 , we find that information incompleteness is not an occasional phenomenon, and their effect on system performance can't be ignored. Using our situation identifying technology will loss a little Recall (0.39% on average) comparing with Edition1, but it can evaluate the effects of unknown or missing information on situation identifying properly and cooperates with the decision making mechanism to weaken them, which improve the Precision by 3.58% on average.
The comparing results in Figure 7 show that taking the reliability of an identified situation into consideration when making decisions is necessary, which can improve both the Precision and Recall. And the improved percentage of Precision is a little higher than that of Recall. 
Conclusions and future work
Firstly, we proposed to use fuzzy ontology to represent and organize situation and context. The ontology describing language, fuzzy SHIF(D), is used to represent fuzzy information while its supporting reasoning engine, fuzzyDL, helps to maintain the consistence of ontology and reason potential information. The benefits of our method are manifold: fuzzy ontology has rich expressing ability, it can describe both fuzzy and certain semantic of context and the various relations among them; information modeled by context/situation ontologies can be easily shared and reused; defining fuzzy situation to describe phenomenon in AmI environment can make a CCS act more humanlike.
Secondly, we developed a set of algorithms to identify situations under uncertainty. Two parameters, occurrence degree and reliability, are computed to describe situation, and both of them are validated by experiments to be important to make correct decisions, thus improve the Precision and Recall efficiently.
Thirdly, we indicated that fuzzy system based on fuzzy logic is an efficient tool to make decisions, which make the decision making process transparent to users and developers, however, predefining membership functions for fuzzy linguistic variables and predefining fuzzy rules are hard jobs especially in dynamic changing environment. We proposed to make decisions based on V o and V r , and adopted fuzzy learning techniques to learn fuzzy membership functions and rules automatically, thus make a CCS more reliable.
Fourthly, we developed a prototype of smart home application based on the situation-aware computing framework, SCUF, to validate the effectiveness of our new technologies.
Of course, something should be done to improve our work in the future. In our current work, situations are predefined explicitly in situation ontology. However, as user's requirements might change, a situation definition may become out of date. How to make a CCS adapt to user's changing requirements and learn the changing situation is our next work. 
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